Abstract-A new method using the analytic wavelet transform of the stator-current signal is proposed for detecting dynamic eccentricity in brushless direct current (BLDC) motors operating under rapidly varying speed and load conditions. As wavelets are inherently suited for nonstationary signal analysis, this method does not require the use of any windows, nor is it dependent on any assumption of local stationarity as in the case of the short-time Fourier transform. The proposed technique uses analytic wavelets, which are smooth wavelets that possess both magnitude and phase information. This makes them particularly suitable for motorfault diagnostics. Experimental results are provided to show that the proposed method works over a wide speed range of motor operation and provides an effective and robust way of detecting rotor faults such as dynamic eccentricity in BLDC motors.
in applications where space and weight are critical factors [1] . More BLDC machines are therefore being used, often in critical high-performance applications. Fault diagnosis and condition monitoring of BLDC machines is therefore assuming a new importance. Early detection of faults and asymmetries would allow preventive maintenance to be performed and provide sufficient time for controlled shutdown of the process, thereby reducing the costs of outage time and repairs. The range of faults that could occur in BLDC machines includes stator faults, rotor faults, and inverter faults.
Diagnostics of electrical motors operating under constant speed conditions has been well investigated in literature [2] [3] [4] . The fundamental assumption of stationarity in constant-speed operation allows the use of the well-known method of Fourier transformation in the frequency analysis of currents, voltages, and vibration signals to detect various rotor and mechanical faults in an electrical machine. However, there are several applications where the motor is never operating at a constant speed or load. A motor operating in such a nonstationary environment has a nonstationary voltage, current, and vibration signal. The term nonstationary in signal processing literature is usually described statistically [5] . However, from an electric motor's operating point of view, this simply refers to an operation where the motor's state variables continuously change with time, and the motor is never operating at a constant speed throughout its operation. Some attempts have been made to detect machine faults in motors operating under different cases of slowly varying load and speed conditions. Yazici and Kliman [6] use short-time Fourier transforms (STFTs) and pattern-recognition techniques to detect faults in induction motors under varying operating conditions. Their application is however based on the assumption that the change in speed and load occurs very slowly and there are sufficiently long intervals of time wherein the motor can be assumed to operate in a stationary condition. This is common in applications such as rolling steel mills and in the cement industry. Another approach to a similar application that uses wavelets is presented in [7] . Another area where nonstationary signal analysis has been attempted is the diagnosis of machine faults from the starting current transients in induction motors. This enables the detection of faults under no-load condition where the only measurable and useful current exists during the starting of the motor and is in a transient 0278-0046/$25.00 © 2007 IEEE state [8] , [9] . However, none of these methods attempts to diagnose faults in applications where the motor is continuously in a nonstationary stage or where assumptions of local or slow stationarity may be questionable and unrealistic.
A novel analytic-wavelet-transform (AWT)-based detector for tracking rotor faults such as dynamic eccentricity in BLDC motors is proposed in this paper. The proposed method extracts the rotor-fault frequencies from the stator current of the BLDC motor using AWT. A ridge detector is then applied to track the maxima of the wavelet-extracted fault frequencies over time, thus providing a method to detect rotor faults in motors operating under nonstationary conditions.
II. NEED FOR ANALYTIC WAVELETS AND RIDGE DETECTION
The analysis of rapid time-varying signals requires detection of time-varying events as well as identification of the behavior of the signal over a length of time. One method that is commonly used to achieve this is STFT where a short length of the signal is analyzed at a time. The use of a single analysis window is thus a compromise between time and frequency resolutions. However, in wavelet analysis, a signal is analyzed at different scales or resolutions: A large window is used to look at the approximate stationarity of the signal, and a small window is simultaneously used to look for transients. This multiresolution or multiscale view of the signal forms the foundation for wavelet analysis [10] . The wavelet analysis is performed using a single prototype function called a wavelet. This function is analogous to the sine function that is used in Fourier transforms but is structured to suit transient applications. Fine temporal analysis is performed using the compressed version (high frequency) of the wavelet, while fine frequency analysis uses dilated versions (low frequency) of the wavelet [10] . The wavelet transform decomposes signals over dilated and translated wavelets. A wavelet is a function ψ with a zero average [11] , i.e., 
It is normalized to ψ = 1 and centered in the neighborhood of t = 0. A family of time-frequency atoms is obtained by scaling ψ by s and translating it by u, i.e.,
The wavelet transform of signal f (t) at time u and scale s is given by
The energy density of the signal is then represented by scalogram P W f , which is defined as
where ξ = η/s is the center frequency of the scaled wavelet ψ u,s and η is the center frequency of the original mother wavelet ψ [10] . In motor diagnostics, the motor health can be evaluated by monitoring the frequency spectrum of the stator current over time. This application therefore possesses two key requirements from a wavelet standpoint.
1) The frequency information is essential to fault diagnostics and must be extracted from the stator-current signal. 2) Moreover, the fault frequencies are smooth (sinusoidal) quantities and do not occur as sharp transient events.
Hence, any wavelet that is chosen for this application must be able to approximate such smooth quantities. A real wavelet (e.g., Mexican-hat wavelet) does not possess separate phase information and hence is suitable only for detecting sharp transients [11] . However, a complex analytic wavelet can separate amplitude and phase components from a signal and can be used to measure instantaneous frequencies, as will be explained in detail in this paper. The analytic wavelet is, therefore, chosen for this application.
Another key challenge that is faced in motor diagnostics is the small amplitude of fault frequencies, which are typically less than 1% of the fundamental amplitude. Even with filtering of the fundamental component, interference that is caused by noise, ghosts, and other artifacts cannot be ignored, and some of these components may be comparable in magnitude to the fault frequencies. Hence, a simple scalogram of the filtered stator current does not suffice, as this scalogram would also reveal these strong nonfault-frequency components that have to be separated from the fault/inverter frequencies. The phase information that is provided by the complex analytic wavelet helps in tracking only genuine frequency components of the stator current while ignoring most of the other artifacts. This method termed as "analytic-wavelet-ridge detection" will be explained in the next section.
III. ANALYTIC WAVELET RIDGES
AWT is calculated by using analytic wavelet ψ in (3). Its time-frequency resolution depends on the time-frequency spread of the wavelet atoms ψ u,s . Analytic wavelet ψ(t) can be constructed by modulating frequency (exp(iηt)) with a real and symmetric window g(t) as in
A common analytic wavelet is the Gabor wavelet. It is obtained by frequency modulating a Gaussian window with a complex exponential, as shown in (5) . Mathematically, the Gabor wavelet can be expressed as
where σ 2 is the variance. The Gaussian window has the additional advantage of offering the most optimum combination of time and frequency resolutions, as the uncertainty theorem can be used to show that the area of a Heisenberg box reaches the minimum value of 1/2 only for a Gaussian function.
A more detailed treatment of this subject is available in [11] . The Fourier transform of this window iŝ
where ω is the instantaneous frequency. If σ 2 η 2 1, then g(ω) ∼ 0 for |ω| > η. Such Gabor wavelets are thus considered to be approximately analytic [11] .
Approximate analytic wavelets have some negative frequency components as the Fourier transform of these wavelets may not be exactly zero at negative frequency. This may cause some additional interference components.
The instantaneous frequencies f in the signal are measured from the ridges of the normalized form of the scalogram P W f , which is computed using the analytic wavelet. The instantaneous frequency is defined as a positive derivative ϕ (t) of phase ϕ(t) of the respective spectral component. The normalized scalogram is defined by
for ξ = η/s. Without going into the mathematical details of the derivation (further details are available in [11, pp. 103-104] ), the AWT of a sinusoidal function f (t) = a(t) cos(ϕ(t)) is given as
The phase information of the AWT in (9) is now used to calculate the wavelet ridges. Equation (9) shows that the scalogram is maximum at [11] 
The corresponding points (u, ξ(u)) are called wavelet ridges.
The complex phase of W f(u, s) in (9) is given as
At ridge points,
Thus, the ridges are the local maxima of the scalogram and are frequency components that essentially have a stationary phase. Equation (12) eliminates noise, ghosts, and other artifacts as these do not satisfy this condition. Thus, only the instantaneous frequencies that match the positive derivative of the phase are chosen, and the other frequencies are discarded. In multicomponent signals that have more than one frequency, the instantaneous frequencies can be discriminated as long as bandwidth relations (13) and (14) are satisfied [11] , i.e.,
where ∆ω is the bandwidth ofĝ(ω) and ϕ i and ϕ j are any two frequency components in the given signal. Equations (13) and (14) are used to select the center frequency for the wavelet. AWT can be implemented to operate in real time and integrated into a motor drive system using a simple and fast method based on the well-known fast Fourier transform (FFT) [12] .
IV. DYNAMIC ECCENTRICITY IN BLDC MOTORS
Rotor faults in BLDC machines are usually comprised of eccentricities (dynamic and static) and chipped rotor magnets [13] . Machine eccentricity is the condition of unequal air gap that exists between the stator and the rotor. Air-gap eccentricity can occur in the form of static or dynamic eccentricity. In the case of static eccentricity, the position of minimum radial airgap length is fixed in space. Typical causes of static eccentricity include stator core ovality or incorrect positioning of the rotor or the stator at assembly stage. Dynamic eccentricity occurs when the center of the rotor is not at the center of rotation and the minimum air gap revolves with the rotor. This means that dynamic eccentricity is a function of space and time. Typical causes of dynamic eccentricity include bent shaft, mechanical resonances, and bearing wear.
When eccentricity becomes large, the resulting unbalanced radial forces [also known as unbalanced magnetic pull (UMP)] can cause stator-to-rotor rub, and this can result in damage to the stator and the rotor [3] . In the case of static eccentricity, this is a steady pull in one direction. This makes the UMP difficult to detect unless specialized equipment is used, which is impractical for motors in service [4] . Dynamic eccentricity, on the other hand, produces a UMP that rotates at the mechanical speed of the motor and acts directly on the rotor. This makes the UMP easier to detect by vibration or current monitoring. Due to this reason, dynamic-eccentricity detection is the main focus of this paper. The proposed method can also be used for detecting other faults such as load (gear) faults, misalignments, and bearing faults that also produce unique fault-frequency signature components in the stator current, which is similar to the dynamic-eccentricity fault. However, these faults are not considered in this paper as it is complex task to practically recreate many of these faults in a laboratory environment.
Fault detection in induction motors operating under steadystate condition has been investigated for quite some time, and the most well-known method is through the detection of unique fault signatures in the motor stator current. This method known as motor current signature analysis (MCSA) and several of its variations continue to be used in the detection of motor faults in induction motors operating operate under constant speed and load conditions [14] [15] [16] [17] . In addition to monitoring electrical current, motor faults can also be detected by monitoring the electromagnetic torque spectrum. An analysis of currentand torque-based induction-motor fault detection is provided in [18] .
Rajagopalan et al. [13] have extended the concept of MCSA to permanent-magnet machines and have shown that dynamic eccentricity in BLDC motors operating at a constant speed affect certain characteristic frequency components in the machine stator current. The rotor defect can, therefore, be identified by monitoring the amplitude of these harmonic components [13] . The frequency spectrum of the stator current is computed using FFT [14] . The rotor-fault frequencies are then identified from the current spectrum and monitored to detect the severity of the fault. Dynamic eccentricity in BLDC motors causes current components at frequencies given by [13] 
where f rf is the rotor-fault frequency, f e is the fundamental frequency, P is the number of poles in the BLDC machine, and k is any integer. These fault frequencies are also present when the BLDC stator current is in a nonstationary state. The health of the BLDC motor can be diagnosed by monitoring these fault frequencies.
V. AWT-RIDGE-BASED BLDC ROTOR-FAULT-DETECTION ALGORITHM
The AWT-ridge-based BLDC fault-detection strategy for detecting dynamic eccentricities in a BLDC motor is shown in Fig. 1 . The figure shows a BLDC motor that is driven by an inverter. One of the stator phase currents is sensed. The sampled stator current is adaptively filtered using a tracking notch filter to remove the fundamental and all harmonics that are above the second harmonic. This notch filter can be a switch-capacitor filter as used in this paper. This adaptive filtering is needed as the stator current is nonstationary. The structure of this filter is explained in the next section. Once the filtered current is obtained, the AWT ridges are extracted. This process is shown in more detail in Fig. 2 . Once, the ridges are extracted, fault classification is done based on their instantaneous amplitudes.
Referring to Fig. 2 , the AWT with Gabor wavelet is first computed from the adaptively filtered current signal using (3) and (6) . The scalogram is then computed from the AWT using (4). A discrete version of the AWT is used since it is difficult and impractical to calculate the continuous AWT of (3). The computation of the continuous AWT in (3) assumes that the AWT is calculated for all values of the scale, i.e., s, from zero to infinity. However, this is not practically possible. In practice, the AWT is calculated for a range of predetermined scales s. For example, the discrete wavelet transform (AWT that is computed at discrete scale intervals of s) is usually computed at scales s = q j , with q = 2 1/v , which provides v intermediate scales in each octave, i.e., [2 j , 2 j+1 ) [11] . The choice of the number of intermediate scales is determined based on the accuracy of computation that is desired. It is usually chosen to be the largest that is permissible from a computational aspect and is selected based on the processor that is used for implementing the diagnostic algorithm. The error that is introduced by the discretization process decreases as the number of intermediate scales v is increased. The instantaneous fault frequencies are then extracted from the scalogram by using the wavelet ridge algorithm. As shown in Fig. 2 , this is done by locating the maxima of the scalogram over time. The wavelet ridges are the instantaneous local maxima of the scalogram that also possess stationary phase characteristics, as explained previously, and can be checked by using the complex phase information that is obtained from the AWT as that in (12) . Frequencies that do not have a stationary phase are discarded.
A simple fault metric is used to detect the fault by calculating the rms value of the instantaneous amplitudes of the fault ridges and is given by
where f i (t) is the amplitude of the instantaneous rotor-fault frequencies that are extracted from the spectrogram of the filtered current using the ridge algorithm. The N r in (16) corresponds to the number of Fourier ridge frequencies that are extracted at any given time. This metric is used to indicate a developing rotor fault. A heuristically set threshold classifies the motor as good or bad. The rms metric in (16) is sufficient for the work that is reported in this paper as only one fault is investigated, with the objective of this paper being the demonstration of the viability of nonstationary motor diagnostics using analytic wavelets. However, in the event of actual condition monitoring, several faults may be encountered. In such cases, all the amplitudes of all the fault frequencies have to be individually monitored to determine the type of fault.
VI. EXPERIMENTAL ARRANGEMENT
A six-pole 12-V 1-kW BLDC motor is used to implement dynamic eccentricity. The BLDC motor has a current control loop and a speed control loop. Dynamic eccentricity is implemented by first removing the bearing from the rotor shaft. In a machine shop, some material is removed from one side of the rotor shaft at one end of the motor, and the rotor is then placed back onto the bearing. Shims are now inserted between the bearing and the shaft on the side that is opposite to where the material was removed, as shown in Fig. 3 , thus pushing the center of rotation of the rotor away from the center of the stator. The original length of the air gap was 0.75 mm, and the rotor is now shifted by approximately 0.25 mm (32% of the normal air-gap length) from its center by inserting a steel shim with a thickness of 0.001 in (∼0.25 mm). The defect that is induced in this manner represents a realistic dynamic-eccentricity fault that can occur during normal motor operation. Typical eccentricity tolerances during motor manufacture can vary over a range of 5%-20% of the length of the air gap [19] . A dynamic-eccentricity change of 32% in the air gap is usually considered to be moderate and hence has been chosen for this paper to depict the ability of the proposed algorithms to detect even moderate fault conditions.
The experimental arrangement is shown in Fig. 4 . The current in one phase of the BLDC motor is acquired using Halleffect sensors. The fundamental and all harmonics that are above the second harmonic are adaptively filtered out using a switch-capacitor filter that was developed in the laboratory. The notch filter that is used to remove the fundamental is a sixthorder elliptic switch-capacitor filter that is designed using the software FilterCAD from Linear Technologies. Such a highorder filter is designed to obtain a sharp notch that would filter only the fundamental and leave the fault frequencies near the fundamental unaffected. The sixth-order filter is implemented using the LTC1061 high-performance triple universal integrated circuit and provides a notch attenuation of 56 dB. A phase-locked loop is used to track the fundamental frequency from the BLDC Hall position sensor signal and provide the desired clock to the switch-capacitor filter. The filtered and unfiltered currents are sampled at a rate of 2 kHz. A time window of 1 s comprising 2000 samples is used to compute the wavelets. This window is selected to be the largest one possible from a computation aspect as such wavelets are not influenced by the wavelets as long as the number of scales is adequate for representation.
Rapid time-varying motor operation is obtained by varying the BLDC motor speed (ω M in Fig. 1) . Experiments are 
The motor is tested under load conditions that vary from full load to low load, depending on the instantaneous speed of operation. This is achieved using a dc generator, which provides full load to the BLDC motor at a rated speed. The full-load stator current for the motor is 20 A.
VII. EXPERIMENTAL RESULTS
The typical stator current of a BLDC motor operating under nonstationary conditions is shown in Fig. 5 . For a six-pole BLDC motor, the rotor-fault frequencies occur at 1/3, 2/3, 4/3, and 5/3 times the fundamental frequency, as computed from (15) . The AWT-ridge algorithm is implemented in Matlab using the Wavelab802 toolbox from Stanford University [20] . The discrete wavelet version of the AWT is computed at eight scales that are selected as powers of two, i.e., s Two important parameters of the Gabor wavelet play an important role in determining the quality of the method's time and frequency resolutions, namely: 1) variance σ 2 and 2) wavelet center frequency η. Both these parameters need to be tuned to obtain the best performance. However, for the purpose of demonstrating the proposed AWT-based fault-detection algorithm, variance σ 2 of the analytic Gabor wavelet is initially chosen to be 1. The effect of variance will be further illustrated in Section VIII. Frequency parameter η is then varied arbitrarily to obtain good frequency resolution with as little interference terms as possible. An η of 14 is found to offer good frequency resolution while also maintaining good time resolution. The stator current of the dynamically eccentric BLDC motor operating at a 5-Hz triangular speed reference and the scalogram |W f(u, s)| 2 of the filtered stator current that is computed using (3) and (4), as shown in Fig. 2 , are shown in Fig. 6 . Darker zones in the scalogram represent higher amplitudes. The fault frequencies are not clearly evident in the scalogram. The local maxima (also called the AWT ridges) are then computed from the scalogram, as explained in Fig. 2 . These AWT ridges represent the instantaneous eccentricity frequencies of the signal. The instantaneous fault frequencies (AWT ridges) in the filtered stator current, and its corresponding scalogram of Fig. 6 , are shown in Fig. 7 . The two dynamic-eccentricity frequencies at 2/3 and 4/3 the fundamental frequencies are distinctly seen to vary over time. The ridge algorithm efficiently extracts only the fault frequencies while suppressing noise and other artifacts. The amplitude of these AWT ridges can be used to measure the health of the motor.
The AWT ridges of the filtered stator current of a dynamically eccentric BLDC motor now operating with an 8-Hz triangular speed reference are shown in Fig. 8 . The AWT ridges (not shown here for this case) are again extracted from the scalogram computed using (3) and (4) of the filtered stator current, as explained in Fig. 2 . A triangular speed variation is a more severe nonstationary operation than a sinusoidal speed reference. It can be seen from Fig. 8 that the AWT fault-detection algorithm is able to track the fault frequencies distinctly over time. Similarly, the AWT fault ridges of the filtered stator current of a dynamically eccentric BLDC motor operating with a random speed reference (Fig. 5) are shown in Fig. 9 . Some interference terms are seen to be present in Fig. 9 . These interference terms arise as frequency resolution conditions (13) and (14) are not perfectly satisfied for the value of η, which was chosen here to be 14. These components are however small and do not affect rotor-fault classification. Although the interference terms cannot be completely removed, they can be minimized by carefully fine tuning the values of η and σ. The fault ridges are seen to be tracked distinctly over time, thus confirming that AWT is a suitable tool for detecting faults in motors operating under rapidly varying speed conditions.
Once the AWT ridges have been extracted, the last step in a motor dynamic-eccentricity detection algorithm is fault classification (Fig. 1) . Several fault classifiers for motor-fault detection have been researched in the past, and some of these could be used depending on the sophistication needed for a given application [21] . In this paper, a simple fault metric is computed from the amplitudes of the instantaneous fault frequencies (AWT ridges) that are extracted from the scalogram of the filtered stator current. The fault metric is calculated by obtaining the rms value of the AWT-ridge amplitudes for every instant of time using (16) . Only the AWT ridges in a selected frequency band are used to calculate the rms value. In the present fault scenario, the rms is calculated for all the ridges in a frequency band of f e ± f e /2, where f e is the fundamental frequency of the BLDC stator current. This fault metric is used in a fault classifier that will indicate a motor fault if the metric is above a preset threshold. Fig. 10 shows the rms fault metrics that are computed from the AWT-ridge amplitudes of the filtered stator currents of a good and a faulty motor operating with a 5-Hz triangular speed reference. A clear difference can be seen in the fault amplitudes between a good and a bad motor. A preset adaptive threshold varies as 2.5% of the fundamental amplitude is set heuristically, i.e., adaptive threshold = 0.025 * amplitude[AWRi aunf ] (18) where AWRi aunf is the analytic wavelet ridge of the unfiltered BLDC current that is computed from the local maxima of the scalogram. It can be seen from Fig. 10 that the adaptive thresholding scheme effectively distinguishes a faulty motor from a good one. A common time scale is used as the stator currents from the good and faulty motors were recorded at different times.
VIII. COMMENTS ON THE PROPOSED AWT-RIDGE ALGORITHM

A. AWT and Multiple Fault Discrimination
Every motor has some small abnormality from the time of manufacture and would have some of the fault-frequency components. Hence, in all the condition-monitoring algorithms, base measurements are taken for a good motor prior to commissioning. Once commissioned, the fault algorithm monitors the amplitudes of the fault frequencies and tracks changes in their amplitudes over time. A significant change in the amplitudes indicates a developing fault. While the case of dynamic eccentricity has been investigated in this paper, the method can be readily extended to several other rotor faults that create unique fault-frequency signatures in the stator-current spectrum. These faults included mixed eccentricity (combined dynamic and static eccentricity), broken rotor faults in induction motors, bearing defects, and load-related defects such as gear faults and coupling misalignments. These faults create unique fault frequencies that have been extensively documented [2] [3] [4] . The actual type of fault can be determined by correlating the fault frequency to the fundamental frequency value that can also be extracted using the scalogram of the unfiltered stator current. This can be done by monitoring the amplitude of all the fault frequencies individually and determining their relation to the fundamental frequency. If multiple faults produce the same fault frequencies, then actual fault-type discrimination may not be possible. However, in such cases, the extracted frequency information can be used to just indicate the health of the motor, as mentioned in the beginning of this section.
The choice of wavelet affects the fault-detection process significantly. As the rotor faults are low-frequency sinusoidal quantities, smooth wavelets are needed to approximate these components. As a result, sharp discrete wavelets such as Daubechies cannot be used for good accuracy [22] . The smooth continuous wavelets, on the other hand, cannot be easily implemented in practice as discrete versions for many of them are not available. The AWT offers a good compromise and is one of the few wavelets that can be used for motor-fault detection.
B. Selecting AWT Parameters
The frequency resolution of the Gabor analytic wavelet ridge algorithm is dependent on the length of the AWT window and the parameters of the wavelet function, i.e., variance σ 2 and wavelet center frequency η. The influence of wavelet center frequency η is first investigated. The bandwidth conditions (13) and (14) have to be satisfied for good frequency resolution. This means that the AWT-ridge method strongly depends on parameter η, which is the center frequency of the mother wavelet. Equations (13) and (14) depend on the physical phenomena being encountered. The rate and pattern of change of the motor speed have a strong influence on the choice of η. For example, let us assume that the two fault frequencies in the signal of interest vary as two linear chirps [11] , i.e.,
Equation (20) shows that for a selected time window, parameter η can be calculated to meet the bandwidth conditions. Based on this, a selection process can be recommended.
1) Choose a time window based on the available computational capability. 2) The positive derivative of the phases of all the frequency signals, i.e., ϕ , is calculated. This may already be available if determination of the stationary phase is used to compute the AWT ridges [from (12) ].
3) The value of η(∆ω = 1) is then calculated from (13) and (14) as in (20) .
As this process increases the computational complexity of the algorithm, a heuristic selection process through trial and error can also be employed. In this paper, η is selected through trial and error as only one fault is considered, and the number of fault frequencies in the signal is known beforehand. In the experimental results of the previous section, η was tuned to 14 (the value of σ 2 is still assumed as 1). Fig. 11 shows the AWT for the same experimental result of Fig. 7 but for a η value of 6 (σ 2 = 1). The frequency discrimination in Fig. 7 is poor, and there are many interference terms, which underline the importance of selecting the correct value of η.
The Gaussian parameter σ is the standard deviation or the width of the Gaussian. Hence, this parameter directly controls the shape of the wavelet, thereby directly affecting the wavelet transform's time and frequency resolutions. For example, the previous case of the AWT with η = 6 is again considered for analysis. Standard deviation σ is now increased to 2 (σ 2 = 4). Fig. 12 now shows the AWT for the same experimental result of Fig. 7 but with the new parameters. The interference terms are almost absent, and the resolution in both the time and frequency is much better. This demonstrates the importance of carefully selecting the standard deviation (or variance) in a Gaussian (Gabor) analytic wavelet. As a suggested guideline, a standard deviation of 1 is usually sufficient for most diagnostic problems, with the center frequency being adjusted to reduce the interference terms. However, in applications requiring larger frequency resolution, a higher standard deviation of 2 may be used.
C. Practical Implementation of the AWT Algorithm
To demonstrate the practical suitability of the proposed faultdetection technique, the AWT is implemented on the ADSP-21369 digital signal processor (DSP) from Analog Devices. The ADSP-21369 is a 32-bit floating-point processor with a clock speed of 400 MHz. The processor has a 2-Mb on-chip static random access memory and a 6-Mb user-definable onchip read-only memory. The development platform has an additional 8 Mb of Flash memory. The algorithm requires 1 239 425 machine cycles to perform the AWT on a 256-long data array, using 4 octaves and 12 voices. The computational time is 3.736 ms for the DSP running at 331.776 MHz. This results in a 256 × 48 complex array that holds the AWT. This computes to 786 kb of memory requirement (assuming that the complex number is stored as two 32-bit words). This memory requirement is not excessive and is easily manageable in DSP systems today. While the computational time may seem large to be implemented frequently, motor diagnostic is performed over long intervals of time (every 30 min to 1 h). Thus, the computation time may not be very critical, and the proposed algorithm can be implemented as an online diagnostics scheme.
IX. CONCLUSION
A novel AWT-based detector has been proposed for the detection of dynamic eccentricity in BLDC motors operating under never-steady-state conditions. The method does not need assumption of local stationarity in the signal as wavelets are multiresolution tools that are developed for the analysis of nonstationary signals. Experimental results have shown that the AWT-ridge method can detect dynamic eccentricity under various types of nonstationary motor operation. A fast wavelet algorithm can be used to implement the method in real time. The proposed method is not limited to the detection of only dynamic eccentricity but can also be used for the detection of other faults such as bearing faults. The method can also be used for rotor-fault detection in other types of motors such as induction motors aside from BLDC motors.
